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PREFACE 


During  the  aradetti c  year  1962  63,  the  author*  conducted  an  extensive 
series  of  testa  on  meihoda  for  solving  Job  shop  scheduling  problems .  Ref¬ 
erence  [5l  gives  00 do  good  ba  xground  material,  and  Chapters  3  and  12  16 
are  especially  relevant  to  the  oresant  study.  Most  of  the  methods  studied 
here  stem  from  tKe  probabilistic  coafcinatlon  of  local  Job  shop  scheduling 
rules  proposed  by  Fischer  and  Thompson  in  [1].  In  addition,  other  asthods 
suen  as  direct  search  133  and  pemutation  techniques  (re 'ascended  in  [6]} 
base  also  beer  tested  and  are  reported  on.  The  exact  methods  of  cooplete 
enumeration  and  integer  progrtraiing  were  not  tried  here,  b-t  eee  [2]  and 
C4l.  The  ^or.triouticr.  of  F.  Glover  to  this  paper  lies  in  the  parsuwtrie 
method  of  Chapter  VI. 

The  one  fira  conclusion  of  our  studies  is  thaf  probabilistic  ard  pars 
metric  combination?  of  local  rules  offer  significant  improvements  ever 
other  methods  of  searching  for  gped  or  optical  schedules  Moreover,  they 
yield  results  in  a  reasonable  seount  of  cor  outer  time,  and  hence  are  sus¬ 
ceptible  of  iaaediat*  application,  7/e  have  not  compared  these  two  methods 
as  to  the  eaount  of  time  they  will  take,  and  hence  cannot,  at  present, 
choose  between  probabilistic  srd  parametric  methods.  However,  we  feel  that 
the  parametric  method  deserves  considerable  Airther  study.  The  permutation 
approach  advocated  by  Sheraan  «rd  Reiter  s*eaa  to  be  very  slow,  but  does 
offer  the  advantage  that  a  probability  estimate  can  b«  ri/en  as  to  the 
worth  of  the  results  obtained  However,  It  seems  to  us  to  be  computation¬ 
ally  Impractical  for  present  computer  speed#  and  coete  lailar^y,  direct 
search,  as  ve  have  used  it,  seems  not  to  be  '■oapetitive 
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CHAPTER  I 


PROBABILISTIC  CCKBE  ATICHS  C? 

LOCAL  JOB  SHOP  SCHEDULE* 0  RULES 

I.  I' PRODUCTION 

Tide  chapter  describes  a  ccar.uter  program  for  combining  in  a 
’'probabilistic  ’’  way  six  local  Job  shep  scheduling  rules.  The  rules  in¬ 
cluded  in  this  program  are  the  shortest  iminent  operation.  (SIO),  long¬ 
est  roe,  lining  time  (LP.T first-in,  first-cut  (FIFO),  and  machine  slack 
(HS)  rules.  Also,  a  fill-ir.  rule,  which  does  not  enter  the  decision 
process,  if  u  «d  which  todifiee  the  straight  forward  application  of  the 
rules .  The  rod  If  led  rule*  differ  free:  the  standard  rules  in  that  a r  oper¬ 
ation  is  not  scheduled  if  a  good  cf  higher  priority  and  presently  being 
processed  on  another  facility  will  arrive  prior  to  the  expected  completion 
of  the  highest  priority  operation  In  the  queue.  If  this  situation  occurs, 
the  facility  is  held  idle  until  the  rev  geed  arrives.  Tie  FIFO  rule,  hov- 
evsr,  does  rot  need  such  a  look-aheed  featur-  sines  goods  are  processed  or. 
e  first-cone,  first-serve  basis.  An  operation  is  not  delayed  because  cf 
the  possible  arrival  of  a  higher  priority  operation  which  is  nev  standing 
Idle  in  some  other  queue.  There  is  one  exception  to  the  above  "one-step” 
look-ahead  which  will  be  discussed  Tjder  the  description  of  the  machine 
sxacic  rule  In  (6)  fcelcv. 

The  fill-ir  nJ.e  attempts  to  fill  in  idle  gape  resulting  f rex  the 
above  lock-ahead  feature  by  specifying  that  whenever  an  idle  delay  is 
incurred  the  cr.tl**e  queue  shall  be  scanned  for  any  openticr  that  car  be 
•ched^ed  to  fill  rhe  ,ap  without  delaying  the  start  of  the  operation 
which  is  .jeirig  awaited  This  is  done  by  scanning  the  current  SID  list 
i  rev-rce  cruer  rd  selecting  those  geode  if  any)  w^oae  time  (or  summed 
is  rot  greater  than  the  idle  gap, 
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(1)  The  S10  (shortest  ianioent  operation/  rule  says  that,  whenever 

&  facility  ">ec«ree  available,  select  that  gccd  ir  the  queue  which  has  the 
shortest  a&chiniqg  tijue  on  the  facility. 

(2)  ihe  LET  (longest  re*.*  i  ring  tiae)  rule  says  select  that  good  in 
the  queue  vhicn  has  the  nost  saeninirg  tiae  reo aining  until  coapletion. 

(3)  The  JS  (<ct  slack  ter  operation  regaining;  rule  says  select  that 
gccd  in  the  queue  which  has  the  least  job  slack  per  operation  re.iainir.g 
until  coaipleticn.  Job  slack  ia  deierair.ee  for  eacv  ^ooc  ty  subtracting 
regaining  nackiair.g  tiae  frosa  an  arbitrarily  established  finish  or  cue 
date. 

(4)  The  LIQ  (longest  laodner.t  operation]  rule  say  s  selec*  t  .at  good 
in  the  queue  which  has  the  lories:  aacfcining  tiae  cn  the  giver*  facility  . 

(5)  The  FIFO  (first -ir.t  first-cut,  rule  say e  select  that  gcoa  which 

arrived  first  in  the  queue. 

(6)  The  HS  (■Thine  slack)  rule  says  select  that  gcci  in  tre  queue 
which  dab  the  least  oa  chining  tiae  reisa.-r.lng  until  it  arrives  at  the 
facility  with  the  longest  reasaialng  sachlning  tiae.  If  all  gooes  nave 
already  been  processed  on  the  neat  critical  facility  (i . e . ,  the  no- 1  rs- 
■alrlng  machining  tiae},  then  tne  earliest  arrival  at  the.  ext  xcet 
critical  facility  is  used  as  a  criteria  for  eelecticr  (and  ec  or.]. 

Iwo  versions  of  the  rule  were  testeo.  In  tr.e  first,  the  '"one-step" 
lock-ehsed  feature,  as  previously  descricec,  was  usee.  Iris  feature  crly 
coneliereo  these  gooes  wnich  were  currently  oeing  p recessed  on  another 
facility  whose  next  operation  would  be  or.  the  available  facility  .  In  the 
second,  a  ■’two-step"  lock-ahead  feature  was  ?.«ed  which  a- so  corsiaerad 
those  gooes  whicn  were  currently  being  processed  cr.  another  facility  and 
which  would  arrive  at  the  evailaole  facility  after  the  next  operation 
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2.  LEbCRimo:.  CF  THE  PROGRAM 
A.  Initialising 

In  the  initialisation  segacnt  of  the  pro-raa,  the  foil  curing  list 
structures  a re  set  up. 

1.  Scheduling  fule  List: 

Cne  list  is  set  up  for  each  rule  used  in  the  prog  ran.  Each 
of  these  lists  contains  all  the  goods  that  are  available  for  scheduling 
on  each  facility  at  ary  given  tiae.  The  goods  in  each  facility's  queue 
are  crderec  according  to  their  pricnt;  ur*der  the  respective  rules  with 
the  highest  priority  good  at  the  cead  of  the  list.  Each  list  contains 
idsnticax  goods  at  all  tines,  but  the  ordering  of  the  goods  under  each  of 
the  rules  is  not  (necessarily)  the  eaxe. 

2.  Facility  CIoc<  List: 

The  facility  clock  Hot  deaignates  the  earliest  ti*e  at  which 
each  facility  is  available  for  scheduling  an  operation 

3-  Current  Operation  Counter  List 

This  list  designates  the  current  operation  being  perferaed 
(or  to  be  perferaea  when  the  appropriate  facility  beccses  available)  on 
each  good. 

<4 .  lecisior.  Foint  Counter  List: 

This  .list  deeigrates  the  next  declaior.  point  in  the  decision 
vector  to  be  *fed  for  each  facility  when  a  rule  choice  is  to  be  uade. 

5.  Machine  Friority  List: 

7Mf  list  has  all  facilities  ordered  according  tc  total  re¬ 
pairing  on  chining  -ire  with  the  facility  having  the  greatest  total  tine  at 

the  top  of  the  Hst. 
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6.  Decision  vectcrs: 

Each  facility  has  a  decision  vector  consisting  of  the  sans 
nuaber  of  elements  as  there  are  operations  to  be  performed  or  the  facility. 
Each  element  consists  of  a  string  of  3  digit  nucfcers,  each  of  which  repre¬ 
sents  the  cumulative  probability  of  selecting  one  of  the  rules  lower  in 
the  list  of  rules  than  the  particular  rule  to  which  the  numbers  relate. 

The  element  to  be  referred  to  when  a  decision  on  a  particular  facility 
is  to  be  .made  is  determined  frcx  the  decision  point  counter  list.  Because 
of  the  fill-in  feature ,  it  may  rot  be  necessary  to  refer  to  the  decision 
vector  for  each  goca  scheduled  on  a  giver*  facility  and  the  nuaber  of  ele¬ 
aents  used  in  the  facility  's  decision  vector  nay  be  leae  than  the  number 
of  operations. 

7.  List  of  Fill-in  Goods: 

This  list  designates  these  goods  which  have  been  determined 
as  being  satisfactory  for  filling  idle  gaps  on  facilities  resulting  fraa 
the  look-ahead  previously'  discussed.  If  an  idle  gap  occurs  on  a  given 
facility  and  only  one  filler  good  car.  be  used,  it  is  isnediately  scheduled 
ana  no  gooas  are  stored  in  the  facility's  waiting  filler  list.  If,  how¬ 
ever,  there  is  more  than  one  filler  good,  cne  is  izssediately  scheduled 
and  the  reaatri rg  goods  are  temporarily  stored  in  the  waiting  list  to  be 
scheduled  in  order  £s  the  facility  becomes  available. 

6.  Schvcule: 

Both  a  temporary  world  nr  schedule  and  a  best  achieved  schedule 
are  maintained.  The  schedules  show  the  start  and  fiiish  times  of  each  op¬ 
eration  for  each  good  or.  each  machine.  From  the  best  achieved  schedule, 
a  schedule  can  be  cutputtec  in  form  equivalent  be  a  Gantt  Chart. 
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3.  Scheduling 

Scheduling  consists  of  the  following  primary  operations. 

(1)  Detenalne  if  facility  (i  -  k,  2,...,n)  is  available  for 

echeduling  a  good  at  time  t  -  1,  completion  of  scheduling. 

u.  If  not,  i  <£*i  *  1  and  go  to  1.  If  no  facilities  are 
available,  increase  tins  period  (t  ♦  1)  being  examined  by  one. 
b.  If  yes,  go  to  ? 

(2)  Determine  the  good  mmber  Just  completed  on  the  given 

facility. 

a.  Increase  the  completed  good's  current  operation  counter 

by  one. 

b.  Remove  the  completed  good  from  all  scheduling  rule  lists 
for  the  given  facility.  If  all  operations  have  been  completed  on  the 
good,  go  to  3. 

c.  Piece  the  completed  good  in  ite  ne.rt  machine  queue.  De¬ 
termine  the  priority  of  the  good  under  each  of  the  echeduling  rulee  end 
piece  in  the  appropriate  position  in  each  list. 

(3)  Check  for  waiting  fill-in  goods  in  given  facility's  list  of 
fill-in  goods.  If  there  is  s  waiting  fill-in  good,  remove  the  good  from 
the  list  and  go  to  9*  If  there  is  no  waiting  fill-in  good,  go  to  4. 

(4)  Check  to  see  if  the  facility  is  being  held  idle  awaiting 
the  arrival  of  a  higher  priority  good. 

a.  If  yes,  1  <1  *  1  and  go  to  1. 

b.  If  no,  go  to  5* 

(5)  Determine  if  there  is  s  good  currently  in  the  given  facility* 

queue . 

e.  If  yea,  go  to  b. 

b.  If  no,  I  <*i  ♦  1  and  go  to  1. 
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6. 

(6)  Select  one  of  the  decision  rules. 

(7)  Determine  the  good  with  the  highest  priority  under  the 
selected  decision  z*uie. 

a.  If  the  FIFO  rule  is  selected,  go  to  9. 

b.  Determine  the  finish  time  of  the  good  if  scheduled  on 
the  given  facility. 

c.  Determine  if  any  good  currently  being  processed  on 
anothor  facility,  whose  next  operation  is  on  the  given  facility,  will 
aiTivs  before  the  time  determined  in  (b)  *nd  will  have  a  higher  priority 
under  the  decision  rule  selected  than  the  good  selected  in  (7)*  If 
machine  slack  le  the  s«dected  decision  rule,  either  a  "one-step”  or  a 
"two  stop"  look-ahead  i6  used. 

1.  If  there  is  such  a  good,  go  to  6. 

2.  If  there  is  not,  go  to  •>. 

(6)  Determine  the  arrival  time  of  the  good  for  which  the  facility 
will  be  held  idle. 

a.  Determine  the  idle  gap  which  will  occur. 

b.  Check  for  filler  goods. 

1.  If  there  are  no  filler  goods,  i  <  i  ♦  1  and  go 
to  1. 

2.  If  there  are  filler  goods,  place  the  first  on  the 

working  schedule  noting  etart  and  finish  tiawo  for 
the  appropriate  good  operation  number  and  facility 
Place  all  remaining  filler  goods  on  the  fiU-ir. 
waiting  list  for  the  facility,  i  <*  <>  1  and  go  to  1. 

(9)  Place  the  good  selected  on  the  working  schedule  noting  start¬ 
ing  time  and  finish  time  for  the  appropriate  good  operation  umber  and 
facility.  Update  the  Machine  Availability  Clock  List  by  noting  the  finish 
time  of  the  good  Just  scheduled  plus  one  unit  of  time. 
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a.  If  all  goods  are  scheduled,  go  to  1^. 

b.  If  not,  i  <*i  «  1  and  go  to  1. 

(10)  Evaluate  currant  schedule  relative  to  beat  schedule  to  date. 

a.  If  better,  store  the  best  achieved  schedule. 

b.  If  more  rune  are  to  be  made,  go  to  the  initialization  part 
of  the  program  to  reaat  all  list  structures  and  then  repeat  steps  1-9- 

3.  DISCUSSION  Of  1HE  PROGRAK 

Of  the  steps  outlined,  only  steps  6  and  Pb  require  additional  clari¬ 
fication 

Step  6  calls  for  selecting  one  of  the  sis  decision  rules  included  in 
the  program.  To  do  this,  reference  is  mado  to  the  appropriate  element  in 
the  facility's  decision  vector  as  determined  from  the  facility's  decision 
point  counter.  The  elements  are  used  successively  as  each  new  dec  la  ion  la 
encountered.  Each  olsnent  consists  of  5  three-digit  mwbers.  Each  of  the 
three-digit  numbers  represents  the  cumulative  probability  of  selecting  one 
of  the  rules  lower  in  the  list  of  rules  than  the  particular  ml#  to  which 
the  msnbere  relate  In  this  program,  the  rules  are  ordered  in  the  follow¬ 
ing  way: 

1 .  Shortest  Imminent  operation 

2.  Longest  remaining  time 

3.  Machine  slack 

U-  Job  slack  per  operation  remaining 

5.  Longest  imeinent  operation 

6.  First-in,  firet-ou* 

The  order  in  which  the  rules  appear  is  arbitrary,  but  some  time  oavlng 
can  be  achieved  by  having  those  rules  with  the  highest  probability  of  being 
selected  at  the  heed  of  the  list.  Since  six  rules  were  used  in  the  program, 
it  was  convenient  to  represent  100$  as  600. 
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Ae  on  example  of  the  tine  of  the  decision  vector  element ,  consider  the 
case  where  all  rule*  are  to  have  an  equi probable  chance  of  selection.  The 
decision  \ecto:  element  would  be  500400300200100.  Only  5  three-digit  num¬ 
bers  are  no  tessary  since  the  sixth  rule  will  automatically  be  eelerted  if 
nore  of  the  firet  five  are.  By  comparing  a  pseudo-random,  3-digit  number 
in  the  range  1-600  with  each  of  the  3-digit  numbers  in  the  decision  vector 
clement,  it  can  be  determined  which  rule  is  to  be  selected.  A  number  cf 
359,  for  example,  would  specify  the  selection  of  the  machine  sla-k  rule. 

To  check  for  filler  goods  when  «r  idle  gap  occurs  cn  a  facility  as  % 
result  cf  awaiting  the  arrival  of  a  higher  priority  good,  the  following 
procedure  is  followed  All  goods  in  the  facility  e  queue  are  examined  by 
scanning  the  610  rule  list  in  reverse  order  (i  from  longest  to  shortest 
required  machining  time)  to  determine  if  their  required  machining  tine  is 
not  greator  than  the  idle  gap  From  among  the  cot  of  all  goods  (if  any) 
that  satisfy  this  condition,  that  good  whose  machining  time  (or  these  goods 
whose  S'tnacd  machining  times)  most  completely  fills  the  gap  is  (are)  spe¬ 
cified  an  filler  poods. 

4.  DESCRIPTION  OF  TEST  RETULTS 

Only  the  <0X5X5  problem  (as  glvsn  in  (  l  ))  has  been  used  thus  far  in 
testing  the  6-rulo  program  Since  no  learning  process  had  yet  been  built 
into  the  program,  the  various  combinations  of  rules  tested  were  initially 
determined  by  intuitive  guesses  as  to  what  might  generate  good  schedules, 
and  la  tor,  search  was  directed  toward  the  region  of  combinations  which 
appo&red  to  result  In  the  best  schedules. 

Tho  scheduling  times  achieved  under  various  combinations  and  proba¬ 
bilities  of  the  raise  are  plotted  in  Charts  1-9.  In  tho  majority  cf  test 
rum-,  tho  machine  alack  rule  (either  1-step  or  2-step  look-ahead)  was 
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applied  lUOf  of  the  tine  in  the  initial  decision  points.  It  was  found  that 
there  was  seme  "best"  number  of  decision  points  through  which  to  ^apply  the 
100?  machine  slack  rule  followed  by  some  combination  of  other  rules  (see 
Chart  4  for  the  l-step  look-ahead  case  and  Chart  8  for  the  2-atep  look¬ 
ahead  case).  The  best  SIO  and  LET  combi  nation  probabilities  were  found  to 
be  in  the  vicinity  of  70?  and  30?  respectively  Also,  it  appears  (with  the 
limited  runs  available)  tb\t  only  slight  moves  of  10?  away  from  these 
probabilities  results  in  a  greater  change  in  schedule  times  achieved  than 
was  the  case  for  the  p-oblan. 

Although  the  mean  of  all  schedules  and  the  best  schedule  generated 
using  100?  machine  alack  (2-step  look-ahead)  during  the  ftret  10  decision 
points  followed  by  70?  SIC  and  30?  LRT  was  much  better  than  those  generated 
by  applying  the  same  through  a  lesser  n inber  of  decision  points  (see  Chert  6), 
it  is  believed  that  this  also  might  reduce  the  niaber  of  alternative  sequen¬ 
ces  of  goods  which  might  achieve  the  minimise  possible  schedule. 


Chart  2 

Tim#  Path  -  Total  schedule  TIee 
2C  x  5  Problem 
J.cn- Learning 
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TEST  RESULTS  FROM  THE  JuB  SHOP 
aCHEDll  JUG  PROGRAM 


1,  INTRODUCTION 

In  the  Job  Shop  Scheduling  program  described  In  Chapter  I,  any 
probabilistic  machination  of  six  scheduling  rules  can  be  used  to  generate 
a  echedule  Theue  rules  are  S10,  IRT,  UFO,  FIFO,  Job  Slack  and  Machine 
Sleek.  This  program  ie  described  in  detail  elsewhere,  In  the  following 
forces  of  teats  only  two  of  the  rules.  SIO  and  IRT,  are  used  and  they  are 
applied  only  to  6X6  matrices  The  questions  examined  are  ae  follows. 

1.  What  is  thu  effect  of  various  probabili  c  combinations  of  SlO 
and  LRT  rulos  on  the  mean  and  the  variance  of  a  series  of  generated  sched¬ 
ules?  Do  acme  ratios  produce  a  higher  number  of  optimise  schedules? 

2.  Docs  the  range  of  machine  timeB  in  a  specific  problem  have  an 
effect  on  the  difficulty  of  obtaining  an  optiansa  schedule?  Does  it  .affect 
the-  mean  or  variance  of  a  eerier,  of  schedules? 

3.  What  io  the  effect  of  increasing  the  number  of  schedules  in  s 
series  on  the  mean,  the  variance  of  the  series  and  an  the  nudber  of  optimisa 
schedules  generated? 

4.  What  it  the  result  of  changing  the  probabilities  of  the  LRT  and 
SIO  rules  within  a  given  schedule0 

? .  THE  METHOD 

Data  for  answering  questions  1,  2  and  3  was  gathered  in  the  following 
way.  Fou-  scheduling  problems  were  r&ndcniy  generated,  each  having  six 
v- oods  to  oe  processed  on  six  machines.  In  the  first  of  these,  the  range 
of  processing  time3  on  ea-h  machine  was  frem  one  to  ten  days.  Proceeding 
times  in  the  second  problem  were  generated  between  two  and  nine  days,  in¬ 
clusive  similarly,  the  tujneo  of  the  third  and  fourth  problem*  varied  from 
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three  to  eight  days,  and  from  Tour  to  seven  days  respectively.  In  these 
four  problems  the  o  -der  of  the  operations  for  each  good  was  held  constant 
so  that  a  comparison  of  the  results  would  be  mare  meaningful.  These  prob¬ 
lems  are  shown  in  Figures  1-4  along  with  the  means  of  the  machine  proces¬ 
sing  time  and  the  lcwest  schedule  tine  generated  throughout  the  series  of 
tests.  This  will  be  referred  to  as  the  "optious  schedule- n 

For  each  of  the  four  problems  two  hundred  schedules  were  generated 
for  each  of  eleven  combinations  of  SIO  and  LRT  probabilities.  These  com¬ 
binations  began  at  Ot  SIO,  100%  IRT  and  changed  in  ten  steps  of  1G-"*  to 
100%  SIO,  0%  iilT.  In  total  then  forty-four  aeries  of  two  hundred  sched¬ 
ules  each  were  generated.  For  each  series  of  two  hundred  schedules,  the 
mean,  the  variance  and  the  number  of  optimum  schedules  were  recorded,  The 
above  procedure  was  then  repeated  with  each  sequence  reduced  to  ten  sched¬ 
ules.  The  results  of  all  the  tests  nay  be  found  in  the  graphs  of  Figures 
7-18. 

Data  for  question  four  was  gathered  in  the  following  manner.  In  the 
determination  of  a  schedule  for  a  6X6  problem,  thirty-six  scheduling  de¬ 
cisions  must  be  made.  Four  series  of  the  10:1  ratio  problem  were  gener¬ 
ated.  In  series  1  the  first  eighteen  decisions  were  made  using  the  SIO 
rule,  and  the  last  eighteen  were  made  using  the  LRT  rule.  In  series  two 
the  order  was  reversed  with  the  LRT  rule  used  for  the  first  half.  In 
series  throe  for  each  schedule  percentage  SIO  used  was  decreased  gradually’ 
throughout  the  scheduling,  For  the  first  four  decision  points  the  ratio 
of  SIO  to  LRT  was  90:10.  For  the  next  four  decision  points  the  ratio  was 
80  20.  This  continued  throughout  the  scheduling  so  that  for  the  last  feu** 
decisions  the  ratio  was  10:90,  SI0:LRT.  In  the  fourth  sequence  the  process 
was  repeated,  but  with  decreasing  LRT.  The  results  are  shown  in  Figure  19. 


Scheduling  rroblsnLj 
Froblem  1 


Machining  Tlxe  Ratio  10? 1 


Good  2  !  Good  3  !  Good  -  !  Good 


ach-  Lays  Mach-  Days  Mach-  Daya  Ma:h-  Days  |  hach-  Lays  .  Mach-  Day 


2 

6 

3 

5 

c 

10 

6 

10 

l 

TO 

2 

5 

1 

5 

> 

5 

4 

3 

5 

8 

6 

9 

Mean  Machining  Tine  -45  daya 
CptLnum  Schedule  55  days 


Figure  l 


23. 


Scheduling  Troblea 
Problem  3 


achlning  Tixe  Ratio  6:3 


Kean  Machining  Tlae  •  5  6  iajs 
Cptinua  Schedule  5 7  daj^ 


Figure  3 


24 


Scheduling  ?t* obiea 
Problea  4 


!*achinirg  Tins  Ratio  7*  4 


Seed  1 

Good  2 

Good  3 

Gccc  4  J  Good  5 

Good  6 

^ach-  Cays 
ire 

'iACh-  Days 
ire 

Kach-  Day* 
ins 

Mach-  D^ys 
ta»  .  _  j 

Hach-Days 

ire 

Kach-Cayti 

ire 

■ 

3  6 

2  7 

3  6 

2  b 

3  6 

2 

I 

6  1 
| 

r  7 

3  7 

4  6 

1  6 

2  7 

4 

4  ! 

2  4 

5  4 

6  5 

3  7 

5  7 

6 

7 

4  7 

c  6 

1  5 

4  5 

6  5 

1  7  1 

6  5 

1  7 

2  6 

5  6 

6  1 

C 

✓ 

6 

5  4 

4  4 

5  7 

6  4 

4 

3 

6 

Hear  Lachinirg  Tins  *  6  days 
Optl-Tiua  Schedule  55  days 


Fig-iTS 


Total  M&chiring  lira  Fcr  S*cfc  3oc«i 


rrcblaai 

jcod  1 

Good  2 

Good  3 

Joed  4 

Joed  5 

Geed  6 

10:1 

26 

U.1 

3*. 

n< 

25 

3C 

9:2 

3S 

36 

32 

25 

32 

5:3 

3r 

37 

37 

35 

27 

28 

7:4 

33 

35 

35 

3-'* 

32 

36 

Flyura  5 

Total  Gp«ratla^ 

IX-n*  Fcr  iach  Xachlac 

Orobl«c 

M*c\ir.« 

1  Maefciat  2  Kachlra  3  Jiaeblr*  4  K*efcla»  5  Maefcia*  6 

10:  i 

40 

26 

26  22  40  43 

5:2 

32 

33 

36  34  27  26 

8:2 

3* 

3C 

35  37  33  32 

7:w 

38 

36 

3*  33  34  32 

F  igyirn  6 


chtdulai 

iwdui.es 


4e4i< 


- 


33 


Figure  15 
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J.  .ISC’.'SalJt  :g  g£HI£ 

be  reeolta  show  tost  the  <510,  La?  caed  r.as  a  strong  effect  on  the 
n«-*r  ±rxL  vuiarrt  of  a  series  of  screddee.  In  general,  the  aear  of  the 
seris-5  rises  slightly  te tween  C  and  5 SIC  then  fc  H to  increase  aharply 
a-a  v*  ;er  cent  SIC  increase*.  The  variance  increases  as  ills  per  cant  SIC 
increases  bat  in  save -el  cases  Ire  pa  at  ICC*  SIC.  The  lit*  glees  eg  clear 
rreef  that  a  certain  rati-  of  LHT-6  10  is  lx  general  rcrericr  or  even 
superior  in  specific  rxi'saa.  For  aamt ,  in  prct-lese  1,  2  and  3  the 
liatribati.ee.  of  test  screide*  is  relatively  ccnetant  in  tie  range  2C  ~  18 
;er  cant  SIC.  Pears  ac  -dst  in  the  dietritetio** ,  bat  t e*T  coaid  ocoor 
me  to  crane*  rcveier,  in  prcc.cn  *  the  ceat  accedde  hoes  ocas  xl^oeij 
•it  5C.I  CIO. 

"o  ceternire  the  affert  cf  anefciaiag  tine  ratio  (is.,  1C:X,  9:2,  8:3, 

L J  oc  ease  of  achedrxilng.  ce  near.,  rise  variance  and  tic  rmoer  of  besrt 
»ciiec«i.ea  for  toe  fear  prchlema  will  be  ecoKareh.  The  fc  1  lodng  chart 
anewe,  for  s-eriee  cf  LCC  screddea,  the  range  of  the  nears  sac  cf  the  varl- 
arcea,  ir«l  scows  the  rronher  of  beat  schedules  gerer  a  tec. 

*>BfcleBi  i^rje _ 1C-.1 _ %z2 _ St3  ?:4 

.tangs  of  Xeins 77  59-lfi  63-54-9  7C-62-7  76-6016 

of  series 

*tge  cf  Tariarce  IX-OIOO  >5  33  49-0*9 

of  ■ arise 

Sober  cf  Best  16  77  34  1 

SobMfelM 


The  lata  does  act  she*  a  clear  relatlccadt  bet ween  the  aac hiring  tiae 
ratio  and  the  ease  of  sc.tr ±dlng  It  wad o  suggest  that  other  properties 
of  the  roBDere  in  the  croc  lea  have  an  ever  riling  effect- 
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a.  d^ta  in  ?i nsret  7-19  shew  cleanup  that  uear  ard  T&rlsr-e 
cf  *  srie-'-  of  ter  stheb^es.  is  Ter^  c^cse  tc  the  Tcl-et  free  &  sari*s  cf 
£Ct  schedule#  The  differences  teat  do  occur  seed  evenly  distributed  fee 
keen  ano  -  nloss  In  problems  1,  2  sed  3  the  distributions  of  aiiljrjK 
scaed-le#  tisee  in  tbs  series  of  ter  schedule*  have  their  rediins  r.?ir  t* 
radian  of  tee  series  of  2CC.  This  siuaticr.  die  net  occur  in  prohlen  U. 

The  recruits  cf  Torping  the  percentage  SIC,  _?T  within  &  schedule  are 
enevu  in  ?i^_r*  19-  A  series  cf  schedules  generated  with  the  first  "a If 
of  earn  snfcen-j.e,  scheduled  07  SIC  and  the  sensed  half  bj  -?.7  is  sJLncet 
iderli:*!  tc  a  series  in  which  the  first  .half  cf  »ach  schedule  is  scheduled 
cj  I&T  aus  toe  secc ad  half  br  510.  S_nti-*rl7  there  was  little  -iff erenre 
betksea  ecw«dules  with  SIC  increasing  frer  iCj  tc  -Cf  and  scheou.  ea  with 
SIC  decreasiag  free  9C^  tc  iCj» .  Ihe  difference  did  fescr  increasing  SIC. 
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...  SIXTIZ  L5JLsJtD.G 

he  results  of  the  previous  teste  suggested  a  slaple  icr*  of  learning 
se  effectire.  Ir  the  four  problems  eua'ned,  the  near  end  variance 
of  *  series  of  ten  schedules  vars  close  tc  the  otar  and  v criarce  cf  the 
series  of  tvo  hundred  schecules  at  all  ratios  of  £10  to  LR7.  Also  ir. 

1,  2  and  3  the  die tribcticc  cf  airl*a-r  schedule  Maes  ir.  the  short 
•erics  had  its  nncia_r  at  approximate  Ip  the  ear*  location  as  the  nedi zi  of 
the  diatrifr-ticc  for  the  long  series  Thus  we  can  gain  rush  infcrxaticr 
axjc  a  spe^.fic  rrcb.en  fron  a  eerie*  cf  short  sequences  of  schedules  i‘ 

**  arise*  rowbiriticns  cf  SIC  and  Lr.7. 

"he  learning  uses  this  fact  to  determine  an  optiaaa  ratio  of  Iiw  tc 
SIC  as  follows: 

x  >j  re  rate  nine  series  of  ten  aeiedules  earn  with  taabicationa  cf 

-IC  and  L£T,  starting  at  1C: 90  and  changing  in  eight  steps  of  10 
tc  ?0:1C. 

2.  The  seat  ratio  la  determined  by  finding  the  eerie*  with  the  lc-est 
cc heckle  tue.  In  ca*e  of  a  tie  the  one  with  the  aoet  'beat  sched¬ 
ules*  is  ehoeen.  If  there  la  still  a  tie  the  series  with  the  low* 
est  variance  ia  chosen  aa  the  first  opticas  ratio 

3  The  pregraa  then  concent  rate  •  co  an  area  2C%  abort  and  ICjC  below 
toe  cptisRTt  per  cent  L2T.  Over  this  reduced  range  nice  series  cf 
2C  schedules  are  generated 

a.  As  in  step  two  ac  optirs  ratio  is  determined  This  fir  al  optirue 
ratio  is  used  to  generate  an  additional  IX  schedules. 

The  result  of  ite  application  tc  the  four  problems  of  the  prericur 
section  are  shewn  in  Figures  20  23- 
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5  CSC  US  SION  OF  rffiSL'LTS  TOR  SIMPLE  LEADING 

To  judge  the  effectiveness  cf  the  simple  learning  routine  tne  re 
suite  will  be  ecu  pared  with  the  results  of  5C:5C  SIO,  LRT  series. 

It  nay  be  seen  from  an  examination  of  problems  1  and  u  that  the 
learning  routine  nay  give  an  optima  ratio  SIC  LRT  either  below  or 
above  50:50  (30:70  and  66  7:33*3  roapectivsly) .  Since  the  aeries  near 
and  variaB-e  tend  tc  increase  with  the  per  cenr  S 10  the  Learning  routine 
nay  give  a  series  mean  and  varianc  i  either  higher  or  lewe  •  than  that  given 
by  the  50:50  ratio 

4j  part  of  the  introductory  ..ork  with  tne  program  400  schedules 
were  genera  ed  for  proolea  1  with  a  jC  St  ratio  In  thie  series  the  cptl- 
mua  time  of  55  occurred  6  times  In  the  370  schedules  in  the  learning 
routine  for  problem  L,  exa*  tly  6  optimum  s^hedu^ee  were  a  so  generated 
iherefore,  the  use  of  learning  in  the  program  ioee  not  necessarily  give  a 
lower  mean  a  lower  variance,  cr  a  higher  number  optimum  schedule- 

It  is  intereeting  to  note  that  the  program  with  learning  did  find  a 
new  ainiaun  for  problem  4  It  la  not  possible  to  a**cept  or  reje't  this 
learning  on  the  basis  of  the  present  data  There  is  a  possibility  that 
it  would  bo  more  efficient  than  the  50:50  -atio  on  a  larger  problem  or 
more  efficient  on  the  bib  if  the  nanber  of  schedules  generated  at  each 
stage  ’.vere  reduced 
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0  2  3  0  0 

0  2  3  0  0 

0  2  13  0 

1  2  C  3  0 

1  2  0  3  0 

4  2  3  0 
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0  4  2  0  0 

C  4  2  0  0 

0  1*200 
4  6  5  0  2 

4  6  5  0  2 

4  6  5  0  2 

4  1  5  6  2 

4  15  6  2 

3  15  6  2 

3  15  0  2 

3  15  0  2 

3  15  0  2 

3  5  4  1  2 

5  4  10 

3  5  4  10 

0  4  1  5 

3  0  4  :5 

0  3  0  1  5 

6  0  0  15 

6  0  0  4  5 

6  C  C  *  3 
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2  0  C  •>  4 

2  0  0  O  4 
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2  C  0  0  4 

2  0  0  0  6 

2  0  0  0  6 

2  0  0  C  6 

5  0  0  2  6 

5  0  6  2  1 

5  C  0  2  1 

0  0  C  2  1 

C  0  0  5  1 

0  0  0  0  1 

0  0  0  0  1 
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Process  ^sed 

i.  r-TE—jcru* 

tic;: 

At  m  extension  cf  the  httir  Jet 'scw*ct  irg  prc.-su  lit  -«sed  L 
a.  .oirrir^  se/aent  -a*  deTelcpr-i  ar/l  *t  di*d  at  4  arara  cf  Lir.rcrira  * 
•.'flciesr  cf  program  for  trec..cir.g  * t  x:c "  ? .  edulr*  Three  -esmixr 
xot«!»?i  we-e  -»s:ro?:  arc  vstt:  but  'nly  co*  f  these  rare  5  ffieiea’ 
f?cd3€  cf  ;  jrcesj  to  warrant  extended  irrves t 

.ye  learrdfig  prj*«!  l*  readily  adaptai-e  to  x.y  cj tuber  cf  n~.es 
Though  six  rules  were  uxcrtcratec  ir.  the  sc  he d~ ir*-  ;rtrft,  c  ly  trre* 
r-l«e  were  td  is  the  Ireaatigatica  of  the  learal'?  process  These  wr" 
tit  shortest  imlnact  operation.  longest  retai’ir^  tire,  srd  sschire  •la.'-fc 
rtn.*a.  Computer  rest  cei rg  various  cccrirutl-cns  cf  acre  tfear.  tvee  -_les 
indicated  that  a  great  renter  cf  schedules  w^ ~d  he  required  to  race  rate 
rood  •cheduiee  be'i.r?  of  the  greater  t  .adder  cf  pcesitle  secuerces  of 
rale  choice*.  The  three  rules  ueed  sees  to  proridr  fer  a  ccxpieeer.tarv 
aet  cf  rule*  vtiefc  atould  Lrtoi  lively  be  ce'eesary  for  arri.irg  at  a 
’geed*  sequence  cf  de-iaiun*  Ka*Mo»  slack  has  as  its  pri aary  objective 
the  iKi^axe  of  idle  tire  cc  critical  auchires.  The  lories*  -esaiiilrg 
tine  rule,  is  see*  terat,  attempts  to  expedite  these  goods  wrlch  hare  the 
least  s  act  available,  lie  Jet  slacs  rule  right  he  ased  as  a  substitute 
for  this  rule  The  ct.It  difference  between  trete  rules  is  that  Job  slack 
ccneiiers  the  Jet’s  clack  relative  to  the  ranter  of  operations  reraising, 
to  ce  performed.  The  *  ter  teat  isatirent  operation  rule  r-i  rarity  *r-edite» 
short  operation.  gpeda  which  serve  as  nary  goods  ss  possible  ir.  as  ehert  a 
period  of  tise  as  poeeitle. 
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2.  LiBSCRIPTIOh  OF  THE  lEARi.IMG  PROCESS 


Hie  learning  process  is  characterised  by  an  unbiased  starting  position 
and  the  designation  of  time  periods  during  which  decisions  are  made  on  each 
macnine.  The  length  of  each  tine  period  and  the  number  of  tine  periods  are 
prescribed  for  the  progrsm.  The  last  time  period  is  understood  to  include 
all  ending  decisions  even  though  the  period  length  may  be  greater  than  that 
used  in  all  preceding  periods.  That  is,  if  tins  periods  are  prescribed  as 
being  200  units  of  time  in  length  and  the  last  time  period  coamences  at  the 
000-  tine  unit,  all  decisions  made  after  the  lOCOth  time  unit  would  still 
be  regarded  ae  being  made  in  the  last  time  period.  Time  period  lengths  do 
not  necessarily  need  to  be  unifora.  However,  in  all  investigations,  they 
were  prescribed  ae  being  equal. 

The  program  initially  generates  some  prescribed  number  of  schedules 
with  an  unbiased  starting  position  which  implies  that  the  probability  of 
selecting  any  of  the  three  decision  rules  ie  equal  at  all  decision  points. 
For  each  schedule,  a  record  is  kept  of  the  rale  selected  at  each  decision 
point  and  the  time  period  in  which  the  decision  point  is  located.  Each  time 
a  superior  schedule  ie  generated,  the  sequence  of  decisions  which  produces 
the  schedule  is  stored  as  the  moat  recent  b'st  standard. 

After  generating  the  prescribed  maker  of  schedules,  control  is  passed 
to  the  learning  segaent.  Each  decision  point  in  the  decision  probability 
matrix  which  occurs  in  the  first  time  period  is  then  biased  to  certainty  to 
select  the  rule  prescribed  for  the  decision  point  in  the  most  recent  beet 
standard.  All  decision  points  in  later  time  periods  are  left  unbiased. 

The  scheduling  program  then  generates  another  prescribed  maber  of 
schedules.  The  sequences  of  goods  •x'leduled  during  the  first  time  period 


will  be  identical  for  each  of  these  schedules  and  only  decisions  following 
tine  period  one  vary.  Again,  each  tins  a  superior  schedule  is  generated, 
the  sequence  of  decisions  is  stored  as  the  most  recent  best  standard. 

The  roles  prescribed  in  the  standard  which  occur  in  the  first  two  tins 
periods  are  then  set  to  certainty  in  the  decision  probability  matrix  and 
decision  points  in  later  time  periods  are  maintained  in  an  unbiased  position. 
This  process  continues  until  the  last  time  period  is  the  only  one  with  vary¬ 
ing  decisions  possible.  At  each  step  through  the  time  periods,  the  nusber 
of  varying  decision  points  is  decroaeed. 

After  all  time  periods  have  been  considered,  the  second  step  in  the 
learning  procesn  takes  place.  Each  decision  point  in  the  decision  probability 
matrix  is  than  biased  by  s  fixed  amount  in  the  direction  of  choosing  the  rule 
prescribed  for  the  point  in  the  standard  sequence.  That  ia,  if  the  standard 
sequence  specified  that  the  SIO  rule  was  to  be  seleeted  at  the  5th  decision 
point  on  a  particular  machine,  a  50%  probability  might  be  placed  on  seleoting 
thie  rule  and  the  other  two  rules  would  havo  probabilities  of  25%  each.  The 
process  of  generating  schedules  through  time  periods  (as  previously  described) 
would  then  be  repeated.  Convergence  toward  a  unique  decision  vector  can  be 
accommodated  by  strengthening  the  bias  which  is  placed  on  the  standard 
sequence  decisions  at  the  end  of  each  progression  through  all  time  periods. 

3.  VERBAL  STEP  DESCRIPTION  OF  LEARNING  TROORAM 

-4 

1.  Generate  a  schedule  (i  ■  l,...,n) 

a.  Each  time  a  decision  is  mads,  store  the  time  period  and 
rule  choice  for  the  decision  point. 

b.  If  the  schedule  ie  better  than  the  previous  standard,  go 
to  c.  If  not,  i  <-l  ♦  1  if  i  4  n  and  go  to  1.  If 

1  •  n,  go  to  2. 

2.  Bias  to  certainty  the  eequence  of  rules  through  tbss  period  t. 

If  t  is  the  last  time  period,  go  to 


b.  Go  to  1,  t  <H  ♦  1 


53* 


3*  Bias  each  decision  point  in  the  decision  probability  matrix 
toward  the  rule  specified  for  the  point  in  the  standard  sequence  by  sane 
predetermined  amount.  Go  to  1. 

tlscussion  of  results?  In  all  tests  of  the  learning  process,  it  was 
found  that  when  the  bias  for  the  standard  sequence  became  too  high,  the 
generating  of  better  sequences  became  severely  restricted.  V.'ith  a  bias  of 
50$  or  60$  toward  the  best  rule  at  each  decision  point,  ouch  more  effective 
learning  was  observed. 

Also,  since  fever  decision  points  are  varying  when  later  time  periods 
are  under  consideration  (i.e.,  decisions  made  in  early  time  periods  are  eat 
to  certainty)  a  fewer  number  of  schedules  needs  to  be  generated  to  find  s 
better  sequence  than  in  early  time  periods  whan  many  (or  all)  decision 
points  are  varying  It  was  observed  that  the  generating  of  better  schedules 
with  all  decisions  varying  seldom  occurred  A  few  of  the  combinations  of 
number  of  time  periods,  and  loops /time  period  are  shown  below  for  the 
20151$  and  10XVK10  problems  along  with  their  results. 


201515  Problem 


No.  of  Time 
Periods 

Schedules/ 
Time  Period 

Total 

Total 

Loops 

Best 

Schedule 

Running 

Time 

3 

5 

15 

105 

1326 

42  min. 

5 

3 

15 

105 

1257 

40 

5 

5 

25 

100 

1227 

37 

5 

(8, 6.3,2, 2) 

21 

85 

1221 

33 

7 

(1,5, 5, 5, 2, 2,1) 

21 

105 

1254 

40 

10 

2 

20 

120 

1236 

45 

5 

3 

15 

105 

1046 

38 

5 

(5, 4,3,2, 1) 

15 

105 

994 

34 

5 

(1,1, 5, 5,3) 

15 

105 

1080 

26 

l 


Tha  above  results  appear  to  Indicate  that  the  use  of  a  variable 
number  of  schedules  per  tine  period  with  the  number  decreasing  as  later 
tine  periods  are  (onelde^ed  is  the  best  approach  to  the  problem. 

4.  TEST  RESULTS 

Learning  with  the  6X6X6  problem  was  very  poor.  This  might  be  explained 
by  the  fact  that  a  "good"  schedule  (only  2  or  3  time  units  above  the  known 
minimum  of  55)  was  always  generated  while  all  decision  points  were  unbiased. 
Continued  search  was  unable  to  get  below  this  "good"  schedule.  As  the  bias 
on  the  standard  sequence  of  rules  was  strengthened,  a  no&ller  number  of 
"bad"  erhedules  wet  generated  than  by  the  purely  random  (all  decision  pointe 
equiprobablo),  non  learning  process  ,  From  the  number  of  schedules  that 
were  generated  during  the  6X6X6  test  rune ,  considering  both  learning  and 
non-learning  runs,  it  should  be  expected  that  at  least  one  schedule  achiev¬ 
ing  the  minimum  of  55  would  occur  baaed  on  previous  experience  using  only 
the  SIO  and  LRT  rules  The  additi  on  of  the  machine  slack  rule  may  there¬ 
fore  make  it  impossible  (or  extremely  difficult)  to  achieve  the  minimum. 

Since  results  from  teats  using  the  6X6X6  problem  were  not  significant, 
graphical  plots  of  the  results  have  not  been  made. 

Typical  results  achieved  in  test  runs  of  the  learning  process  using 
the  20X5X5  problem  ere  plotted  in  Charts  1-4  Chart  5  shows  the  results  of 
generating  100  schedules  with  all  rules  (KS,  SIO,  LRT)  having  equal  proba¬ 
bility  of  selection  at  all  decision  points  (i.e.,  non-learning).  Chart  6 
ehowo  the  cumulative  number  of  schedules  found  with  total  schedule  times 
less  than  X  hours  both  for  the  learning  and  non-learning  processes.  The 
results  appear  to  indicate  that  progressive  learning  is  taking  place  Also, 
it  was  observed  that  learning  progressed  very  rapidly  during  the  early  stages 
of  computer  runs  and  decreased  during  the  later  stages 


Typical  results  achieved  in  teet  rune  of  the  learning  process  using 
the  1QX1CHJ.0  problem  are  plotted  in  Charts  7-$.  Chart  9  shows  the  results 
for  100  schedules  and  non-learning.  Chart  10  shows  the  emulative  number 
of  schedules  found  with  total  schedule  times  less  than  X  hours  both  for 
the  learning  and  non-learning  processes.  Again,  results  appear  to  Indicate 
that  progressive  learning  is  taking  place. 

At  the  bottom  of  each  chart,  the  biases  placed  on  the  standard  sequence 
of  rules  i-i  indicated.  The  remaining  two  rules  wore  made  -  .uiprobable.  At 
the  etart  of  each  of  the  new  biasing  periods,  a  greater  variability  is  ob¬ 
served  since  all  decision  points  are  allowed  to  vary.  As  scheduling  ap¬ 
proaches  the  last  time  period  (the  end  of  each  of  the  biasing  periods),  the 
variability  is  redueod  since  a  unique  sequence  of  decisions  is  being  made  in 
earlier  time  periods  and  only  decisions  in  the  late  time  periods  ore  allowed 
to  vary 
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CiUPTER  IV 

OTHER  KINDS  OF  TEAR!  ING 

•  INTRODUCTION 

In  Chapter  II  the  results  of  applying  simple  learning  to  a  series 
of  6X6  problems  was  diecussod,  This  staple  learning  consisted  of  the 
application  of  £10  arc  LRT  decision  rules  with  probabilities  varying  from 
SI0:LRT  10:90  to  90:10  in  step*  of  10,  Using  the  criterion  of  lowest 
achediuo  tio*»  the  best  ratio  of  bI0:LRT  was  cnooen.  The  search  process 
ther  repeated  in  a  narrow  -sore  around  the  chosen  ratio  to  determine  an 
optimum  ratio. 

In  this  chapter,  this  simple  learning  la  applied  to  the  10X10  prob¬ 
lem  The  tochnique  is  also  extended  to  multiple  1  oar  ring  wh'  -e  varying 
probabilities  of  SI0-LRT,  SI0-M5  and  LRT-MS  art*  tee  ted  and  coopered,  A 
furthor  extension  use:  a  variation  of  the  Hooke  ana  Jeeves  search  routine 
to  explore  the  effect  of  combinations  of  £10  KS-LRT  decision  rules  In 
all  instant ee  above,  the  act  of  probabili  ties  when  chosen  ri/aatn  fix^O 
throughout  a  complete  schedule 

Three  general  conclusions  may  be  drawn  from  the  stu«tiei  in  thiu  chapter* 

(1)  For  any  given  length  of  computing  time,  simple  or  multiple  learn¬ 
ing  with  locaL  rules  will  give  better  results  than  the  same  nues  applied 
equiprobably  . 

(2)  When  the  rsaults  of  these  tests  are  compared  with  results  of 
Chapter  III,  it  seems  clear  that  learning  by  decision  point  within  a  yched- 
ui*  is  more  offoctive  than  learning  on  probabilistic  combinations  of  rules 
applied  over  a  whole  schedule „ 

(3)  Th"  nature  of  a  scheduling  p’xblea  is  rhanged  whor  the  problem  is 

reversed 


-6t 


67 


2 .  h  I  ;PLK  LEARK IMG:  _  10X1C  IROHLEH 

n o  decrjpse  fie  t-Lme  required  for  the  computation  only  fiva  combinations 
of  probabilities  were  tested  at  each  of  the  two  learning  stages.  In  stage 
one  the  SIO  and  LRT  decision  rules  were  tested  in  probabilities  varying  frca 
Si  0  LRT  10' 90  to  9C  10  in  step*'  of  20  (except  where  noted).  If,  for  excnple, 
tie  be  >t  ratio  in  ei< vc  one  was  6C:/*C  S10:LRT,  then  in  the  second  stage, 
ratios  from  !t0:i0  to  6C:20  in  steps  of  1C  would  be  tssted.  'Ihe  boot  ratio  at 
this  a  age  would  be  used  in  an  additional  aeries  of  teste  The  aeries  of 

*ests  attempted  to  diBrovar  low  few  schedule b  were  required  for  each  combina  ¬ 
tion  pT-lubi lilies  at  each  stage  to  give  a  reliable  estimate  of  the  best 
ratlo'u.f  p’*obabiliti«  s .  T>  results  are  illustrated  in  Figure  3.  As  a  cheek 
on  fne  useful  user  of  the  learning  routine,  XO  schedules  were  generatod  at  a 
ratio  oi  blO  LET  50:50  Thu  beat  time  generated  was  10/*9  days. 

tlsounsion  cf  Results:  It  is  clear  from  the  test  results  that  the 
optimum  i  a  it,  of  SIC  .i-VT  i.,  in  <.ho  70: jO,  80:20  range.  It  may  be  teen  that 
in  ran.)  2,  j.  L  with  two  schedules  generated  at  each  combination  the  oj  timun 
i  at  always  found.  In  runs  5-E,  with  only  ore  schedule  generated  at  each  com¬ 
bination,  there  vac  no  success  in  determining  tho  optimum.  It  would  seem  that 
for  this  problem  a  cinimua,  of  two  c  ncdulss  at  each  combination  is  required. 

A  significant  result  of  thio  teat  is  that  all  Dut  two  of  the  learning  runs 
jrodu.  »d  a  be  tier  schedule  than  the  series  of  X0  equlprobatlo  schedules  in 
15  per  ecu.  or  ’»»«  of  the  time. 
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3  ♦  HULTI PLE  I4SARK1>  G 

The  mu3  iple  earning  ie  essentially  the  same  a3  simple  learning. 

The  tv.c  stage  learning  it  carried  out  for  combinations  of  SIO  LRT  *is  de¬ 
scribed  previously  Thun  this  process  is  related  for  ''oobinations  of 
SIC:^  find  of  LRT: MS .  In  these  rune  it  was  derided  to  narrow  the  range 
of  the  second  otnge  eo  that  a  beat  combination  of  70:  30  in  the  first 
stage  would  be  followed  by  coubinations  from  60:40  to  80:20  in  steps  of 
5  (except  as  noted). 

This  series  of  touts  was  conducted  for  be  .h  the  10X10  id  the  20X5 
problem  The  l'esulte  are  shown  in  Figures  2  and  3  respectively-  An  at¬ 
tempt  v as  mad  to  determine  if  the  tvo  problems  had  different  character- 
i3ti«o  when  revereed  Specifically  multiple  learning  was  applied  to  each 
problem  starting  at  the  end  of  the  schedule.  The  results  are  also  tabu 
late<i  in  the  Figures  referred  to  above 

Discussion  of  •'•suits:  This  series  of  tests  indicates  that  the  best 
two  decision  rui  ee  for  the  10X10  problem  are  SIOrLRT  in  approximately  the 
same  proportion  as  found  previously  (90:10).  The  best  schedule  found, 

1047  days,  happens  by  chanca  to  be  well  above  the  values  found  in  the 
sin.ple  learning.  For  the  20X5  problem  the  lowest  time,  1252,  of  this 
series  of  tents  was  found  by  multiple  learning.  The  beet  pair  of  derision 
rules  was  clearly  found  to  be  S30*MS.  The  minimum  schedules  at  all  combi¬ 
nations  wore  lower  than  the  majority  of  the  combinations  of  other  rules. 

For  both  problem:  it  was  clear  that  more  than  one  schedule  must  bo  gener¬ 
ated  for  each  combination  of  probabilities  tc  give  reliable  results 

iho  lentativo  conclusion  from  the  experiment  in  scheduling  the  problems 
when  reversed  gave  lower  minimum  ech^dulce  for  moot  combinations  or  510: MS 
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SI0:LRT  remained  the  beat  pair  of  rules,  but  the  best  ratio  changed  to 
£>I0:LRr  30*70.  For  the  20X5  problem  the  SI0:MS  combinati one  became  much 
lees  eifective,  while  SI0:LRT  combinations  improved.  The  best  ratio  wao 
SI0:IitT  50:50.  In  both  problems  the  overall  minimum  for  the  regular  sched¬ 
ule  was  lower  than  the  overall  minimum  for  the  reversed  schedule. 
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Figure  2 
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k.  DT'-'JET  SEARCH 

In  oider  to  naKe  the  learning  process  more  efficient,  a  direct  search 
orogram  (see  [  *  ])  was  written  as  follows. 

1  Concrete  a  schedule  using  SIO-LRT-MS  equiprobable  Use  schedule 
time  as  first  standard 

2.  Increase  SIC  by  A  from  base,  decreasing  LET,  MS  by  A/2.  Generate 
a  schedule  . 

3.  Repeat  (2)  for  I.RT. 

U.  Repeat  (2)  for  SIO 

5.  Repeat  steps  2,  3,  U  N  times,  or  until  a  schedule  is  generated 
below  the  standard 

6  If  the  schedule  io  below  the  standard,  update  standard,  record 
the  successful  rule,  go  to  8. 

7.  If  A  '  5  go  to  10  Otherwise  put  the  value  of  6  in  A  and  go  to 
2.  <b  <  A> 

8  Increase  probability  of  successful  rule  in  base  by  A.  Generate 
a  schedule. 

9  If  the  schedule  is  below  standard,  update  the  standard  and  go  to 
8:  If  not,  go  to  (2). 

1C  Halt. 

In  the  series  of  tests  conducted  with  this  program  N  -  1C,  A  was 
varied  from  6  7  to  13  3%  and  o  was  3  b£.  The  results  for  the  2015  problem 
are  illustrated  in  Figureo  a  6. 

Discussion  of  Results:  The  graphs  show  that  the  technique  does  give 
nrogroeai «ely  lower  tines  However,  the  lowest  achieved  in  all  three  cases 
are  higher  than  the  time  obtained  from  multiple  learning  with  the  same 
comcutation  time  The  tests  do  show  that  the  higher  A  of  13. 7%  ie  more 
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effective  in  obtaining  schedules  and  th&t  lit  tie  benefit  ic  obta4n«d  when 
L  is  reduced  to  3’6)C  for  the  final  ten  trials  This  suggests  that  the  pro 
gram  could  be  modified  further  tc  make  it  more  efficient. 
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CHAPTER  V 


JOB  CHOt  SCHEDULE  Z  PROBLEM 
GOOD  IL  TERC  MANGE  1ECHNICJUE 

Problem:  Giv<*:  a  feasible  schedule  atteupt  to  improve  it  by 
interchanging  the  position?  of  goods  on  the  schedule  of  any  machine 

He thod  The  program  wai  written  so  th*t  scheduling  instructions 
v/ere  taken  from  n  specification  matrix  Goods  would  be  scheduled  on 
»fv'h  machine  <r.  their  or-der  of  appearance  in  this  matrix.  The  original 
matrix  (Figure  1  was  generated  by  the  ure  of  t.he  machine  alack  local 
luheduitng  rule  Modifications  wore  made  to  thia  matrix  irt  the  follow¬ 

ing  uonne*": 

1  A  machine  was  picked  at  random 

2  TVo  goods  were  chosen  at  random  fron.  the  n^hedule  of  this 
machine,  and  their  positione  on  the  schedule  were  interchai  ged . 

3.  A  schedule  was  then  generated  and  the  finish  date  recorded 

4  If  tho  fiiioh  date  wfis  lower  than  the  previous  outinf  i  the  inter 
change  was  retained  and  a  new  optimum  was  set.  Otherwise,  the  specifi¬ 
cation  was  returned  to  it  a  starting  position.  The  process  was  then  re¬ 
peated  &  given  number  of  times 

A  triple  exchange  of  goods  was  aloo  investigated  fhe  method  wae 
essentially  the  same  as  above  except  that  the  position  of  three  g.  oda 
were  interchanged 

Results:  The  reeulte  are  tabulated  n  Figure  2  It  may  be  seen 
that  in  the  series  of  runs,  2,  3  and  4,  the  schedule  time  was  reduced  from 
1334  to  l^li,  days  in  95  minutes  of  computer  time  The  triple  interchange 
was  rot  successful  in  reducing  the  schedule  time  in  38  minutes  of  cem- 
juter  tl-ma 
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CHAPTER  VI 


PARAMETRIC  COMBI!  ATIOMS 
OF  LOCAL  JOB  SHOF  RULES 

INTRODUCTION 

The  study  undertaken  in  thia  paper  ie  swtivated  In  part  by  the 
Huct  es?  of  probabilistic  learning  combinations  of  local  rules  reported 
on  in  previous  ''hapters  ard  in  part  by  the  impression  that  a  different 
means  of  -cmbiiiing  local  rules  could  be  even  more  effective.  Although 
the  10,  LRT  and  MS  rulee  are  not  directly  commensurate,  it  le  possible 
to  change  e  ch  Into  a  hybrid  rule  which  can  the  be  "paran*  trically" 
combined  with  t.ho  others,  meaningfully  preserving  the  identity  of  the 
c.omjx»nents ,  but  in  synthesis  creating  a  rule  capable  of  decisions  which 
r*ur/  u»i  specified  by  any  of  the  rules  in  isolation  We  shall  call 
3u*  r.  t  rule  a  hybrid  rule  - 

.-/Lpi  riral  results  of  testing  combinations  of  hybrid  local  rules 
appear  to  confine  these  hypotheses,  and  to  uncover  some  additional  ad 
vantages  of  the  ’.ybrid  rules  a  well.  It  should  be  emphasized  that  the 
study  undertaken  in  this  paper  is  of  restricted  scope.  It  has  Tot 
attempted  to  maJfe  uao  of  the  apparently  etrong  node  dependency  found  In 
the  provioua  chapters,  nor  has  it  attempted  to  combine  more  than  two  local 
rules  at  or^e  on  any  given  problem.  Thus  if  the  combined  ybrid  rules 
were  superior  to  the  two  rule  probabilistic  combinations  with  identical 
weights  apj  lied  at  each  decision  point,  the  rationale  underlying  their 
creation  would  be  beatified  In  fact,  the  best  hybrid  rule  combi  rations 
not  only  surpass  the  best  uniformly  weighted  probabilistic  combirationr , 
but  or.  two  of  the  three  problems  examined  do  as  well  or  better  than  the 
bcot  probabilistic  combination  which  allows  for  node -dependency  Ths  best 
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hybrid  combinations  were  found  by  generating  substantial].}  fewer  sched¬ 
ules  than  required  in  finding  the  best  probabilistic  combinations,  and 
a  stud}  of  the  plot  of  schedules  produced  shows  that  a  coarser  range 
of  parameter  settings  would  have  produced  resulte  as  good,  so  that  the 
number  cf  schedules  examined  was  greater  than  neceoaary. 

2.  REwUIREMIi.TS  ROh  HYBRID  RILE  C0M3IhATIt?B 

In  order  to  modify  a  set  of  simple  local  rules  so  that  *hey  CAn  be 
combined,  it  is  neeeaeaiy  to  decide  on  a  format  for  the  synthetic  rule 
which  the}  will  compose.  The  format  adopted  in  this  paper  is  well 
illustrated  by  the  unmodified  LRT  rule  The  LRT  rule  can  be  conceived 
as  consisting  of  two  parts1  i  an  Inuex  function  which  assigns  an 
index  (remaining  machining  time)  t-o  a  Job  based  on  its  current  state  in 
an  evolving  schedule;  And  (ii'  a  det  lslon  function  which  select  the 
Job  associated  with  an  index  having  a  specified  property  (the  greatest 
index  of  those  defined)  The  synthetic  rule  used  here  will  have  the 
same  decision  criterion  as  the  LRT  rule,  that  is,  it  will  always  select 
the  Job  associated  with  the  maxiiuua  index  given  by  its  innex  function 
The  simplest  way  of  creating  a  synthetic  rule  from  a  pair  of  local  rules 
would  be  simply  to  sum  the  indices  assigned  by  each,  and  apply  the  de¬ 
cision  criterion  to  the  sums  This  will  not  give  very  sensible  results 
for  the  SIO  and  LRT  rules,  since  in  the  610  the  best  index  is  the  snail 
est,  whereas  in  the  LRT  the  best  index  ie  the  greatest.  Taking  the 
negative  of  the  SIO  indices,  and  then  adding  them  to  the  LRT  indices, 
would  give  somewhat  more  meaning  \il  results.  This  is  still  not  very 
reliable,  however,  since  the  sizes  of  the  operation  times  (the  SIO  in¬ 
dices)  msy  be  expected  to  be  similar  from  one  point  in  the  schedule  to 
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thu  next,  vheretuj  the  engining  machining  tioe6  (the  LRT  Indices)  are 
steadily  decreasing.  Th^  waj-  around  this  complication  is  to  compute 
tne  total  number  of  un per  form,  d  operations,  divided  by  the  number  of 
Jobe,  and  then  to  divide  this  number  into  the  remaining  times  for  the 
Jobs  in  a  *aihine  queue  The  outcome  gives  values  for  the  index  function 
of  the  hybrid  LRT  rule  which  ire  oomnensurate  with  the  SIO  indicoe.  This 
can  perhaps  most  easily  be  seen  by  noting  that  If  all  Jobs  had  tha  same 
number  of  operations  remaining,  the  hybrid  LRT  indicea  would  give  tha 
average  remaining  operation  t-ce  for  each  Job  in  tha  machine  queue .  Thus, 
since  at  every  poin*  in  the  s<  hedule  the  hybrid  LRT  indicea  belong  to  the 
s  ms  scale  ae  tiie  Iraxinont  operation  times  of  the  SIO  rule,  their  com¬ 
bination  in  a  simple  olgorbraic  sur*  (the  first  plus  the  negative  of  the 
second)  has  a  stable  significance 

The  synthetic  xule,  as  an  extension  of  the  example  Just  given,  takes 
for  its  index  function  a  linear  combination  of  the  index  functions  of  a 
aet  of  hybrid  rules  Thus  the  difficulty  mentioned  in  aiming  the  SIO 
and  LRT  index  function  values  is  nrscisely  the  one  required  to  be  over- 
ccwr  by  the  hybrid  culee  vhlch  compocc  the  synthetic  SIO-LRT  ccablnetion 
used  In  thie  ’-sport.  Under  the  assumption  that  eix  h  difficulties  a a  theae 
have  been  resolved,  the  form  of  the  synthetic  rule  can  be  mads  explicit 
as  follows.  Let  1,  .  .  ,X  denote  the  index  functions  associated  with 

n  local  scheduling  rulee  Tne  ii.ne*  function  1  for  the  synthetic  rule 
is  given  by 


alXl 


VX2  * 


a  I  , 
n  n 


where  the  a  nake  up  an  arbitrary  sot  of  ron  -negative  real  mcibera  The 
i,iuex  functions  are  defined  iu  that  for  a  giver  Job  S  ,  in  a  particular 

J 

state  In  an  evolving  o  hedule.  1,  (S ,  )  -  n 

1  %i  *  J 


is  a  number.  The  index 
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fiction  a,X.  ie  characterized  in  tha  uauxu.  way  by  a.S  (S  j  -  a.n 
*  1  1  v'  *• 
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“**  X(V  ‘  V'lJ  £2n2J  ’ 

If  S  *  (^*^2*  >  is  the  sot  of  Jobs  belonging  to  the  queue  of  a 

specific  machine,  then  the  decision  criterion  for  the  synthetic  rule  may 
be  represented  &o  a  function  of  S  producing  one  of  the  Jobs  in  S  an 
its  value  In  this  paper  X  ia  defined  eo  tlat  1  ( S'  -  wnere 

maximises  X(Sj’  for  all  J  such  that  S  S. 

The  requirements  to  oe  glared  upon  the  index  functions  S4  so  that 
they  can  be  coobired  in  a  meaningful  synthetic  rule  an  now  be  formulated 
as  follows. 

l)  The  X,  should  be  defined  eo  that  vhe}  can  oe  su  milted  indivldu 
ally  to  the  dominion  criterion  and  yiela  the  same  decisions  as  the 
unmodified  local  rules  from  which  they  are  derived 
<)  Each  X^  must  bo  scaled  so  that,  for  any  given  set  of  weights 
(a^),  no  index  function  will  alter  its  illative  Influence  on  the 
composite  decision  as  the  o  hcdulo  evolves 

3)  Each  in  conjunction  with  the  decision  criterion  must  bo 

capable  not  only  of  specifying  a  ”b«Bt"  choice,  but  mist  oe  able  tx. 
rank  aLl  choices  meaningfully  along  a  s"aJe  which  corra  tly  reflects 
their  relative  positions  Furthermore,  the  scale  must  be  linear; 
that  ie,  its  units  must  be  of  Invariant  slgnifirar.  «  at  all  points 

4)  The  must  depond  only  on  parameters  whose  significance  is 

unchanged  from  problom  to  problem. 


Obviously,  the  above  requirements  are  the  ideal  ones  They  might  be 
imperfectly  met  and  tha  synthetic  rule  still  result  in  excellent  schedules 
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for  snjre  values  of  the  .  The  primary  value  in  satisfying  the 
requirements  is  the  intuitive  expectation  that  uniform  changes  in  the 
would  in  consequenco  be  more  likely  to  result  in  schedules  having 
certaxn  readily  specifiable  relationships  to  one  another.  To  express 
this  notion  core  adequately,  let  F  denoto  a  specific  problem,  and 
denote  the  time  interval  fma  the  first  operation  begun  to  the  last 
completed  for  that  problem.  Given  a  sat  of  X^  and  a  decision  criterion 
X,  7^  can  be  represented  ae  a  function  of  the  parameters  a^  for  each 
nchedulc  generated  by  the  synthetic  rule.  It  in  assumed  that  the  syn¬ 
thetic  rule  always  determines  a  unique  choice,  30  that  ia  eingle- 
valuod.  Then  for  each  setting  of  the  paramoters, 

Tp  "  Tp  (a  1  V  *•*»  tn) 

denotes  the  schedule  time  which  we  are  interested  in  minimizing ^  The 
re e trie  lions  placed  upon  the  are  in  part  an  attempt  to  formulate 

those  conditiono  which  will  hopefully  make  the  function  the  best 

behaved.  Ihe  other  purpoeo  of  the  restrictions  depends  on  the  aasuaption 
that  the  original  Jocal  rules  were  actually  relevant  to  the  problem  ob¬ 
jective,  and  by  defining  the  hybrid  rules  properly  the  degree  to  which 
each  local  rale  was  relevant  could  be  mirrored  by  selecting  the  right 
valuce  for  the  a^  ,  hencs  allowing  an  optimal  combination. 

Gnce  the  X^  are  given,  however,  the  real  concern  is  with  T^. 
Fmpirical  investigations  to  determine  the  merit  of  the  synthetic  rule 
concept  rhould  be  aimed  at  finding  answers  to  questions  like  the  following 


■J  For  more  generality  it  would  be  possible  to  specify  decision  nodes,  and 
a  eot  of  a.  associated  with  each.  This  essentially  multiplies  the  argu¬ 
ments  of  th*  function  T  ,  but  doee  not  affect  any  other  part  of  the  en¬ 
suing  discussion. 
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1)  Do  the  lowest  value 6  of  compare  favorably  with  schedule 
tinpc  produced  by  other  methods? 

2)  Doee  T  ao  a  multivariate  function  have  a  unique  relative 

P 

maximum  or  a  unique  relative  minimum? 

3)  If  not,  do  the  successive  relative  extrema  follow  a  pattern^ 
lor  .example,  are  they  increasingly  high  or  low? 

a)  Do  the  saallet*,  values  1  or  occur  together,  and  if  eo,  what 

range  of  the  parameter  eettings  will  yield  these  values? 


5)  Do  tho  lowest  values  ol  T  occur  frequently  -  if  they  do  not 

P 

occur  together  in  a  characteristic  subspaco  of  parameter  settings? 

6)  Is  the  synthetic  rule  consistent  for  a  variety  of  problenr : 


that  is ,  for  each  pair  of  problems  ^  and  ib  thore  a  conotent 
X  (depending  on  and  eo  that 

K  Tpl  (al,a2,,#,,an)  Tp2(al»  V‘*’,an; 

for  all  a.?  Or  will  the  above  condition  hold  with  ka.  replacing 
X  ,1 

a^  in  the  term  on  the  left? 

7)  Can  problems  be  readily  classified  for  values  of  the  which 

make  T  small? 

P 


3.  DESCRIPTION  OF  TESTS 

The  three  problems  examined  in  the  Fisher  and  Thoapeon  study  LI] 
and  in  the  preceeding  chapters  of  this  roport  wore  used  to  test  syr 
thetic  rules  consisting  of  two  hybrid  local  rules,  with  the  valueo  of 
a^  and  a^  held  constant  in  the  generation  of  spy  single  schedule, 
across  all  decision  points.  Problem  I  consists  of  six  Jobs  to  be 
routed  across  six  machines,  Problem  II  consists  of  ten  Jobs  and  ton 
machines,  and  Problom  III  consists  of  twenty  jobs  and  five  machines. 
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Synthetic  rules  consisting  of  the  hybrid  SIO  and  LRT  rules  described 
earlier  were  applied  to  all  throe  problems,  aid  in  addition  a  hybrid 
i-S  rule  was  coupled  with  +he  LHT  rule  on  Problem  III.^ 

The  hybrid  MS  rule  was  bassd  on  the  following  as8xtr»pt5  ona : 

1)  Once  the  critical  machine  -  the  machine  with  tho  greatest 
processing  time  yet  to  be  oerfonaed  -  is  determined,  the  relative 
desirability  of  scheduling  one  job  inatoad  of  another  depends  only 
on  tho  difference  in  times  required  to  reach  that  machine. 

2)  The  tine  required  by  a  Job  until  it  is  available  to  be  processed 
on  the  critical  machine  can  be  reasonably  approximated  by  the  time 
at  which  it  '«<ould  be  released  from  the  machine  for  which  it  is 
praecntly  queued,  plus  the  sum  of  operation  times  to  be  performed 

on  all  machines  before  the  critical  one  is  encountered. 

3)  If  tho  critical  machine  is  the  one  whose  queuo  in  presently 
being  examined,  the  M5  indux  function  reduces  to  specifying  the 
tiiaao  required  until  the  queue  Jobs  will  be  ready  for  machining, 
weighted  by  a  factor  of  3. 

U)  There  is  no  necessity  to  take  into  account  by  how  much  the 
critical  machine  exceeds  the  second  most  critical  machine  in 
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-'The  hybrid  SIO  rule  actually  used  defined  imainent  operation  time  to 
be  the  time  required  to  complete  an  operation  if  its  associate  Job 
were  scheduled  now,  i.e»,  the  time  to  machine  the  Job  operation  plus 
th«  time  consumed,  if  iny,  in  waiting  for  the  job  to  arrive.  The  hybrid 
SIO  index  function  subtracted  the  imminent  operation  time  fro n  twice  the 
greatest  operation  time  in  the  schedule,  always  producing  positive  val¬ 
ues.  Taking  the  negatives  of  imminent  operation  times,  as  suggested 
above,  would  have  been  both  simpler  and  more  in  accordance  with  require 
mont  ( 2  )  on  page  86*  though  there  would  have  been  no  difference  in 
schedules  generated. 
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reroivinirg  procesoing  time,  nor  ie  It  important  to  consider  when 
qucuod  Jobs  which  roach  machines  other  than  the  ono  moat  critical . 

5)  Whan  a  Job  dooc  not  have  any  of  its  remaining  operations  to  fca 
performed  on  the  critical  machine,  ite  relative  importance  py  the 
M5  criterion  can  be  approximated  by  specifying  that  it  reach  tho 
critical  machine  one  average  operation  time  after  the  greatest  cum 
of  remaining  operation  times  for  any  Job  in  the  queue. 

The  foregoing  assumptions  hoar  a  crude  resemblance  to  reality,  but 
more  realistic  aaauaptions  would  require  adjuotiuente  of  the  JB  rule  which 
would  completely  destroy  ita  already  borderline  local  statue.  Operating 
within  the  framework  of  there  assumptions,  tho  hybrid  MS  index  function 
gives  the  negatives  of  tho  indices  produced  by  the  unmodified  index  func¬ 
tion,  to  accommodate  the  maximisation  principle  »>f  the  synthetic  decision 
criterion. 

4.  TEST  RESULTS 

We  turn  now  to  a  description  of  the  actual  handling  of  the  rules  and 
the  test  results.  For  each  of  the  three  problems  on  which  the  rules  wore 
tested,  the  weight  of  one  of  the  index  functiono  was  set  equal  to  unity, 
and  the  other  allowed  to  vary  from  zero  to  a  positive  value  large  enough 
that  the  first  function  did  not  influence  the  decision  criterion  In 
each  combination,  the  hybrid  LRT  rule  was  the  one  whose  weight  was  allowed 
to  vary.  With  each  schedule  generated  tho  leaat  pocitivo  increment 
(using  discrete*  J  urn  pc  of  .001)  of  thTi  LRT  weight  waa  determined  which 
would  cause  a  different  decision  to  be  made  at  any  point  in  the  schedule. 
In  this  way  it  would  be  poaeiblo  to  generate,  exactly  once,  every  unique 
schedule  using  non-negative  weights  for  the  two  hybrid  indax  functions. 
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(Ties  verc  resolved  by  picking  the  first  Job  found  v.hich  maximized  the 
decision  criterion. )  By  permitting  only  tho  LRT  weight  to  vary,  the 


time  function  wue  made  dependent  on  a  single  variable  for  ary  given 
problem  and  ary  given  set  of  rules.  The  plot  of  T^  for  the  three  prob¬ 
locs  is  given  in  Figures  1  through  4. 


The  ecventeon  schedules  generated  for  Prob’an  I  exhaust  all  of 
those  which  can  be  producod  by  SIO-LRT  combinations  using  non-negative 
weights.  It  is  known  that  there  aro  exactly  tvo  best  schedules  possible 
witl  schedule  times  of  55  hours.  The  simple  enumerations  by  varying 
the  LRT  weight,  as  described  above  found  them  both.  From  Figure  1  it  can 
be  seen  that  ary  weight  for  the  hybrid  LRT  lying  between  1.61  and  2  5 
with  the  hybrid  SIO  weight  set  at  unity,  would  have  produced  an  optimal 
schedulo  of  55  hours.  Thus,  a  systematic  incrementing  of  the  LRT  weight 
c»s  before,  but  requiring  that  no  increments  bo  smaller  than  89,  would 


have  still  assured  that  the  best  schedule  bo  found,  reducing  the  total 
number  of  schedules  generated  to  4.  It  is  not  easy  '•  make  a  direct 
comparison  with  either  the  probabilistic  combination  method  which  usos 
uniform  woights  at  oach  decision  point  (Method  A),  or  the  method  which 
allows  tho  weights  to  vary  across  decision  points  (Method  B).  Tho 


reason  for  this  is  that  the  optimal  sets  of  weights  for  Methods  A  and  B 
wore  not  determined  in  a  single  computer  run,  but  were  found  in  the 


process  of  adjusting  parameter  and  techniques  of  exploration  after  each 


run,  and  then  resubmitting  the  nethodn  to  the  computer  using  data  ob¬ 
tained  from  previous  exploration  attempts.  For  example,  a  schedule  of 
55  hour*  was  found  and  rep<vxiucod  on  the  eleventh  through  thirteenth 


of  the  schedules  generated  on  one  computer  run  with  Method  A.  However, 


Problem  I  (£10  \'eig 


Schedule  Tic*  in  Hour* 


I.RT  Weight 


/.CM 

i  2/f 

Lzli 

+  OJX 

.  Ho 

.  t,  *• 
.8'* 

,«J 

.*7* 

.3* 

.n* 

.m 

.n 

.n? 

$ 


<?6. 


approximately  100  achcdulcs  were  generated  in  runs  loading  up  to  this 
achievement.  Method  B,  similarly,  on  Problem  I,  produced  thice  or  four 


"chedulet  of  55  hours  out  of  approximately  ICO  generated.  Thus  the  re¬ 
sult  obtained  by  the  hybrid  rule  method  of  two  55  hour  schedules  pro¬ 
duced  in  17  schedules  generated  indicates  that  this  approach  was  superior 
to  the  probabilistic  combination  methods  on  Problem  I.  The  fast  that  a 
ccaroer  range  of  weight  settings  for  the  hybrid  rule  method  would  have 
insured  finding  one  55  hour  schedule  in  only  4  generated  otrongly  sup¬ 
ports  this  conclusion. 

For  Problem  II  the  hybrid  rule  approach  achieved  bettor  schedule 
tim^s  then  obtained  by  either  cf  the  probabilistic  learning  techniques. 

The  best  schedule  obtained  by  Method  A  had  a  length  of  1008  hours, 
and  the  best  found  with  Method  E  va a  994  hours.  The  last  was  found 
once  in  a  computer  run  which  generated  90  schedules.  The  hybrid  SIO-LRT 
combination  located  two  schedules  of  991  hours  in  45  schedules  generated. 
Figure  2  ehows  that  a  lower  bound  of  increments  to  tho  LRT  weight  of 
.327  would  still  have  insured  that  a  schedule  of  991  hours  be  produced, 
and  would  have  cut  down  the  total  number  of  schedules  generated  to  13. 

Problem  III  is  the  only  problem  for  which  a  probabilis  lc  rule  was 
^ound  which  did  bettor  than  any  of  the  hybrid  rule  combinationo  located. 
It  ohould  bo  pointed  out,  however,  that  tho  boot  schedule  was  found  by 
Method  B,  which  assigned  weights  to  all  three  of  the  SIO,  LPT  and  MS 
rules  in  addition  to  allowing  varying  weights  at  different  dociaion 
points  .  Tho  time  length  of  thic  test  schedule  was  1221  horn  e,  found 
once  in  a  two-computer-run  sequence  on  the  199th  schedule  generated  out 
of  240.  The  beet  schedule  produced  by  Method  A  was  found  using  an  MS -SIO 
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combj nation,  and  was  12/*0  hours,  found  on  a  computer  run  producing 
about  2CO  schedules.  According  to  available  information,  10  schedules 
were  generated  by  Method  A  using  the  best  set  of  weight*,  only  cno  of 
which  was  the  optimal.  For  Problem  III  SIO-LRT  combinations  and  MS  LRT 
combinations  were  tried  ueiry  the  hybrid  rules,  with  a  beot  schedule 
for  the  latter  at  1238  hours  out  of  20  schedules  gonerated.  While  on 
KS-SIO  combination  w&a  found  to  be  the  best  by  Method  A,  there  was  in- 
sufficiont  time  to  try  combinations  of  these  two  rules  by  the  hybrid 
method.  It  would  be  hoped  that  by  permitting  the  weights  to  vary  at 
different  decision  points,  the  hybrid  rule  combinations ,  analogous  to 
tho  probabilistic  combinations,  would  produce  still  better  schedules. 

Ths  fact  that  many  more  schedules  "ere  generated  with  Method  B  than  by 
the  hybrid  rules  leaves  room  to  test  other  combination*  for  favorable 
comparison.  On  the  other  hand.  Problem  III  presents  the  hybrid  rule 
concept  with  a  crucial  test.  As  Figure  3  illustrates,  the  plot  of 
schedulo  times  obtained  with  SIO-LRT  combinations  is  qulto  erratic,  un¬ 
like  the  better  behaved  graphs  in  Figures  1  and  2.  If  most  practical 
problems  produce  plots  like  Problems  I  and  II,  then  systematic  search 
techniques  can  be  used  to  find  the  best  weights  quickly.  But  if  prac¬ 
tical  problems  are  more  often  structured  like  Problem  III,  little  more 
can  be  done  than  to  generate  schedules  in  much  the  same  manner  as  done 
here,  picking  the  best  one  found.  The  process  still  appears  considerably 
more  efficient  than  generating  schedules  at  random,  and  a/*  already  shown 
the  hybrid  combinations  ourpaos  the  results  obtained  with  Method  A  tried 
by  Croweton,  Thompson  and  Travdck. 
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5 .  SUMMARY  AND  CONCLUSION 

Fisher  and  Thocpson  show*  *  that  it  war  possible  to  combine  local 
Job  shop  scheduling  rules  by  a  '  probabilistic  learning"  method  to  create 
a  now  local  rule  superior  to  any  of  the  individual  rules  composing  it. 

The  new  rule  consisted  of  applying  one  of  the  basic  rules  at  oa^h  deci¬ 
sion  point,  the  choice  of  which  basic  rule  to  U60  made  by  assigning  a 
weight  tc  oech  one  specifying  its  probability  of  oeloction.  The  tearn- 
ing  concept  woe  introduced  to  find  a  good  eat  of  weights  bj  examining 
decision  sequences  made  on  past  schedules  Ac  extension  of  the  Fisher 
and  Thompson  study  with  modified  learning  techniques  has  been  j.-<ado  by 
Crovston.  Thompson  and  Trnvdck,  using  probabilistic  combinations  with 
weights  held  uniform  across  all  decision  points  (Method  A),  and  with 
weights  allowed  to  vary  across  the  decision  points  (Method  B).  Results 
obtained  by  both  methods  have  been  superior  to  those  obtained  in  the 
original  study,  and  Method  B  has  proved  superior  to  Method  A.  he  work 
in  this  paper  is  motivated  by  the  succoss  of  the  probabilistic  learning 
combinations,  and  by  the  feeling  that  a  different  moans  of  combining 
local  rules,  first  changing  them  into  hybrid  rules,  and  then  synthesis¬ 
ing  these  into  a  rule  aifforont  from  aiy  of  its  constituents,  would  be 
even  more  successful.  The  hybrid  rule  method  has  the  following  ad¬ 
vantages  : 

1)  It  can  prescribe  choices  impossible  by  an  all-or-nothing 
application  of  one  of  the  basic  rule6,  as  required  by  the 
probabilistic  combination  method. 

?)  The  hybrid  rule  approach  satisfies  the  intuitive  notion  that 
the  best  combination  of  a  set  of  rules  does  not  depend  on  a 
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mutually  exclusive  choico  among  them,  tut  by  sone  means  of  taking 
into  account  the  information  given  by  each,  eetablishing  a  now  rule 
that  ie  more  than  any  one  in  iaolaticn.  Ana"  gously,  a  mar’  a  man 
who  hat  a  tendency  to  ahoot  to  the  left,  but  whose  gun  eights  are 
off  to  tho  right,  will,  not  do  beet  by  deciding  to  compensate  only 
for  one  or  the  other  of  the  two  defects,  but  by  trying  to  take  both 
into  account  at  once. 

3)  As  a  function  of  the  weights  applied  to  tho  components  of  the 
synthetic  rule,  the  schedule  times  produced  by  the  hybrid  nils 
method  yield  a  plot  which  is  easier  to  search  for  extreme  wilues, 
and  easier  to  analyse  by  standard  techniques,  than  the  stochastic 
multi-valued  time  function  associated  with  the  probabilistic  com¬ 
bination  approach. 

A)  The  hybrid  rule  method  encourages  further  study  to  exploit 
problem  structure  by  its  underlying  philosophy.  Analogously, 
again,  a  marksman  will  learn  to  make  special  adjustments  on  a 
windy  day  to  maintain  his  accuracy,  whereas  one  who  takes  wind 
velocity  into  account  only  a  certain  portion  of  the  time  will  tend 
to  overlook  ltc  true  relation  to  the  other  Influences  on  hie 
■hooting 

Empirically,  t’  results  obtained  with  the  hybrid  rule  approach  are 
encouraging.  The  hyorld  method  waa  significantly  superior  to  probabilistic 
learning  by  Method  A  on  all  three  of  the  problems  tested,  and  was  better 
than  Method  B  on  two  of  the  three.  It  is  hopefully  anticipated  that  by 
permitting  different  weights  to  be  applied  at  different  decision  points, 
and  by  allowing  ccobinatlone  of  more  than  two  rules  at  a  time,  the  hybrid 
rule  method  will  be  able  to  produce  still  better  schedules. 
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On  the  other  hand,  there  is  o.  possibility,  particularly  illustrated 
by  i  'roblem  III,  that  universally  efficient  techniquo  for  finding  the  beet- 
set  of  eights  doc 6  not  exist.  This  statement  is  basod  on  the  graph  of 
schedule  times  against  the  weight  settings  for  the  SIO-LRT  rule,  which 
yic  du  a  figure  lacking  an  easily  specific  lo  trend.  This  limi  tation 
nay  not  bs  crucial,  however,  since  good  schedules  oppoered  fr*squontiy 
throughout  the  plot,  and  a  small  sampling  night  be  expocteu  to  produce 
a  schedule  by  the  hybrid  method  nearly  as  good  as  the  optimum  attainable. 
Parameter  differences  of  ta  large  as  .25  would  have  assured  finding  a 
nshodul*  of  1267  hours  or  the  S10-LHT  combination  (it  would  in  fact  in 
this  case  have  found  the  best  at  1264  hours  on  the  sixth  schodule  gener- 
r~ert,  but  this  schedule  vas  produced  for  a  parameter  range  cf  only  .11). 

The  .25  minimum  parameter  increment  would  have  reduced  the  number  of 
schedules  generated  on  Problem  III  by  4/5,  leaving  14  out  of  70.  Of  the 
20  schedules  investigated  using  the  MS-LRT  combination,  the  best,  at  1238 
hours,  persisted  for  u  range  thAt  would  have  permi  tted  investigating  no 
noiH  than  12.  Thin  fact  of  persistence  of  good  schedules  across  a  rela- 
tlvoly  largo  parameter  ’ariation,  supported  even  more  strongly  in  Prob¬ 
lems  J.  and  II,  indicates  that  an  effective  soaroh  technique  would  be  to 
erect  a  relatively  coarse  grid  across  the  range  of  parameter  settings  to 
bo  investigated.  Thin  could  be  applied  economically  and  effectively 
even  if  no  other  form  of  regularity  was  found.  It  should  be  noted  that 
the  metric tion  in  this  paper  on  the  site  of  the  minimum  para)*eter 
increment  has  been  imposed  under  the  most  pessimistic  assumption  possible  - 
that  a  c^hedul  time  cannot  be  expected  to  be  found  unless  it  persists 
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for  a  parameter  range  as  large  as  t.he  regions  within  the  grid  thrown 
ncrooQ  the  paroaetor  space.  In  practice,  less  than  ICC#  probability 
of  finding  a  best  or  second  beet  schedule  time  could  still  be  com¬ 
patible  with  a  highly  successful  search  strategy. 
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